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Abstract: One of the major problems in a Data Grid is the optimal distribution and replication of data
�les in the Grid sites, in order to improve and maintain over time a high overall throughput of Grid jobs
that access �les . Therefore, a Grid optimisation service [3] should be able to dynamically modify the
geographic distribution of data �les , triggering �le deletion and replication, according to the variation over
time of the sites (so called “data hot-spots”) where data is highly requested.

In this document we propose two prediction functions for evaluating the future usefulness (value) of data
�les . These functions can be used by Grid sites to make informed decisions about whether or not to
replicate �les locally. Both functions use for their prediction logs of �le requests that jobs have submitted
to the site but assume different statistical models for the historic data.

We have performed some preliminary tests on the accuracy of these prediction functions using randomly
generated simulated �le access patterns. We have compared the predicted values with the simulated
ones. It turns out that, over the performed tests, the two functions behave similarly and predict the
simulated values reasonably well.
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1. INTRODUCTION

In [2] we proposean approach,basedon an economicmodel,for optimising�le replicationin a Data
Grid. In short,in themodeltherearetwo mainclassesof actors.ComputingElements(CEs)have the
goalof makingdata�le availablefor accessto Grid jobson thesitewherethey areexecuting.CEstry
to purchasethe cheapestreplicasof needed�les by interacting,via an auctionprotocol,with Storage
Brokers(SBs)locatedin theGrid sites. SBshave thegoalof maximisingrevenuesthey canobtainby
selling�les to CEsor otherSBs.In theeconomicmodelwemake theassumptionthattheusefulnessof
a �le is proportionalto the revenuea SB canobtainfrom it. SBshave to decidewhetherreplicatinga
�le to thelocalsiteis aworthwhileinvestment.SinceGrid siteshave �nite storagespace,thiscouldalso
resultin deletingother�les.

In order to make a replication(anddeletion)decision,SBsmay usevariousstrategies. In particular,
in [2] weproposetheuseof a predictionfunctionthatestimatesthefuturerevenueof astored�le based
on thepastrevenueof this �le andof �les with similar contents.In this paperwe de�ne two typesof
suchpredictionfunctionandpresentsomeexperimentalevaluationwehave performedon them.

Thedocumentis organisedasfollows. Section2. introducesthemodelof �le requeststhatwe assume
for thede�nition of thepredictionfunctions,which aredescribedin Section3.. Section4. presentsthe
preliminaryresultswe have obtainedusingsimulated�le accesspatternand �nally Section5. and6.
brie�y discussreplicationstrategiesbasedon thepredictionfunctionsandhow thesecanbe testedin a
DataGrid simulatorwe arecurrentlydeveloping[4].

2. FILE REQUESTS AS A RANDOM WALK THE SPACE OF FILE IDENTIFIERS

Duringtheexecutionof Grid jobsaSBreceivesasequenceof �le requests,eitherfrom CEsor otherSBs
thathave beenrequesteda �le that they do not have. We make the following two assumptionson this
sequence.

Requestarri valswith exponentialdistribution. As for many similarphenomenathathavebeenstud-
ied in queueingtheory, we canassumetime intervals betweentwo successive �le requestsbeinginde-
pendentrandomvariableswith exponentialprobabilitydistribution of parametert .

Therefore,aftereach�le request(e.g.,arrivedat timet0), theprobabilityf (t) thatanew requestsarrives
within thetime interval t � t0 is givenby

f (t) = 1� e� t (t� t0) (1)

wherethedecayratet representstheaveragenumberof requestsin a timeunit.

Sequentialcorrelation between�le requests. We assumethat SBsreceives over time �le requests
that aresequentiallycorrelated. This meansthat, given a �le request,thereis a greatprobability of
successive requestsfor �les with similar content.

We can model contentsimilarity by �rst de�ning the �le spacef Fg as the set of all the potentially
requested�les andthe �le-ID spacef f g asa set,with the samecardinalityasf Fg, of �le identi�ers.
File identi�ers areassumedto be integer positive numbers.We canthende�ne contentsimilarity asa
mappingM betweenf f g and f Fg as follows. Assumingtwo �le-IDs f1 and f2, the closerthey are,
i.e. thesmallerthedifferencej f2 � f1j, thehigheris theexpectedrelationbetweenthecontentsof the
corresponding�les F1 andF2

1.
1Thede�nition of �le contentsimilarity in a DataGrid is still anopenproblem.Herewe just give a de�nition of it thatcan

beusedin thepredictionfunctionswehave de�ned.
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Giventheassumptionsabove,wecanrepresentthehistoryof �le requestsasarandom-walkin thespace
f f g of �le identi�ers. A random-walk consistsof a sequencehf i ; i � 0i of identi�ers andis obtained
startingfrom an initial identi�er f0 and addinga sequencehsi ; i > 0i of randomwalk steps, eachof
which leadsfrom fi� 1 to fi , i.e. si = fi � fi� 1; i > 0.

Eachgenericsteps is an independentrandomvariablewhich may assumevalueswithin the interval
[� S;+ S] where2Sis themaximaldifferencebetweentheidenti�ers of two successively requested�les.
Thisway, we canmodelasymmetricrandomwalk with variablestepsize.

Ttnt(n-1)t(n-2)t(n-3)t(n-4)t4t0 tt1 t2 t5

f0f0 f0 f0

21

f

t3

N-1

f0
N

3

Figure1: File accesshistoryasa random-walk in spacef f g of �le identi�ers.

Figure1 showsanexampleof randomwalk. Arrival timesfor �le requestsandcorresponding�le identi-
�ers areshown alongthet and f axisrespectively. In theexample,thewalk startsfrom �le f0 (requested
at timet0) andcoversn �le requestsovera time T. Amongthen requests,�le f0 is requestedN times.

3. PREDICTION OF FUTURE FILE REVENUES

In [2] we de�ne a functionthatcalculatestherevenuethata SBobtainsover a (future)time periodT by
sellinga �le F, a requestfor which is receivedat time tk. Thevalueof the �le is obtainedsummingup
theincomestheSB receivesfor F over T. Herewe considera simpli�ed form of this function,de�ned
as

V( f ;k;n) =
k+ n

å
i= k

d( f ; fi) (2)

ThefunctionV( f ;k;n) calculatestherevenuefor the�le F correspondingto theidenti�er f startingfrom
time tk andtaking into accountthenext n �le requests2. Moreover, we considerunitary �le pricesand
thuswithin thesumthereis only theKroneckerdeltafunction3 betweenidenti�ers f and fi . Equation(2)
statesthatV( f ;k;n) is givenby thenumberof times�le f will berequestedduringthenext n requests,
startingfrom requestk.

2Notethatthedomainof V( f ;k;n) is thesetf f g of �le identi�ers. In thefollowing wewill sometimesusetheterm�le when
it wouldbemorecorrectto usetheterm�le identi�er. However, it is clearthatwewill alwaysreferto the�le correspondingto
the�le identi�er.

3Kronecker deltais de�ned as:

d( fi ; f j ) =

(
0 if fi 6= f j
1 if fi = f j
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In orderto estimateV( f ;k;n) we have to predicthow many timesthe �le f will be requestedover the
next periodof time considered.We usea simpli�ed versionE[V( f ;k;n); r] of the predictionfunction
de�ned in [2]. Theindex r indicatesthatestimationis madeon thebasisof the r �le requestsreceived
by theSBbeforetherequestfor �le f .

3.1. DEFINING THE PREDICTION FUNCTION

Ourgoalis now to obtainananalyticalform for E[V( f ;k;n); r]. Basedon thelatestr observedrequests,
E[V( f ;k;n); r] shouldprovideagoodestimationfor thenumberN of requestsfor �le f thataregoingto
bereceivedamongthenext n �le requests.

As statedin Section2., �le accesshistorycanberepresentedasa random-walk in thespacef f g of �le
identi�ers, consistingof a sequencehf i ; i � 0i of identi�ers startingfrom an identi�er f0. In orderto
performcalculationsandget to an explicit form for the evaluationfunction E[V( f ;k;n); r] we choose
a particularshapefor theprobabilitydistribution of a generics, which representsthestepbetweentwo
successive identi�ers in therandomwalk.

3.1.1. PREDICTION FUNCTION BASED ON A B INOMIAL DISTRIBUTION

Here,we assumethata genericsteps in the random-walk is a discreterandomvariablewith binomial
distribution4.

Wecanthusimaginefor eachs adistribution like in Figure2. Sucha functionis obtainedby usingabi-
nomialdistribution,makingit symmetricandcentringit onzero.Thisallows usto considerasymmetric
random-walk with integerrandomstepsize,alwaysbelongingto theinterval [� S;S]. Moreover, we can
modelthefact thatoncea �le hasbeenrequested,it is themostprobablerequested�le in thenext step
of therandomwalk.

-3 -2 -1 +1 +2 +3 s

p(s)

1/64

6/64

15/64

20/64

15/64

6/64

1/64

0

Figure2: Binomialdistributioncentredonzeroandwith S= 3.

4Thebinomial(or bernoullian)distributionreturnstheprobabilityp(k) to obtaink successesperformingn independenttrials
of a certaintestwhentheprobabilityof successof eachsingletrial is q. It is givenby:

p(k) =
�

n
k

�
qk(1� q)n� k 0 � k � n

In caseq = 1=2 thedistribution is symmetricalaroundits centralvaluen=2.
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Thede�nition of thedistribution p(s), its meanvalues̄andits standarddeviations s aregivenby

p(s) =
1

22S

�
2S

s+ S

�
; s̄= 0; s s =

r
S
2

(3)

For example,with referenceto Figure2, theprobabilityof s= � 1 is givenby

p(� 1) =
1

22� 3

�
2� 3

� 1+ 3

�
=

15
64

(4)

Eachidenti�er fi representsthe�le requestedat thei-th stepin therandom-walk andis obtainedstarting
from theinitial identi�er f0 andfollowing thepaththroughthe�rst i stepsof hsi i . Thuswecanwrite

fi = f0 +
i

å
j= 1

sj (5)

Sinceeachsj is anindependentrandomvariablewith symmetricbinomialdistribution,eachgenericf is
alsoa randomvariablewith thesamedistribution. Its meanvalueandstandarddeviation aregivenby

f̄ = f0; s f =

r
iS
2

(6)

We cannow �nd a simpleexpressionfor the probability distribution of f . The values in (3) canbe
regardedas the sum of 2S valueschosenindependently, with a probability q = 1=2, within the set
f� 1=2;+ 1=2g5. The sumat right handin (5) may thereforebe interpretedas the sumof 2iS values
chosen(independentlyandwith probability p = 1=2) from f� 1=2;+ 1=2g. Thatsumrepresentsthenet
movementfrom initial theposition f0 to the�nal position fi .

Settingthemeanvalueof f equalto f̄ 6 insteadof f0, theprobability p( f ) of receiving a requestfor �le
f at stepi is givenby

pi( f ) =
1

22iS

�
2iS

f � f̄ + iS

�
; j f � f̄ j � iS (7)

Let usimaginenow to haveanumberRof sequencesof �le requestseachcontainingn requestsandeach
startingfrom thesameposition f̄ . If by r i( f ) we meanthenumberof times�le f hasbeenrequestedat
stepi throughtheRsequences,thentheratio

r i( f )
R

(8)

will approximateto pi( f ) for increasingR.

Summingup all termsr i( f ) for i goingfrom 1 to n, i.e., å n
i= 1 r i( f ), we obtainthetotal numberof times

that �le f hasbeenrequestedduring theR sequences(a total of nRrequests).Dividing this sumby R,
we get theaveragenumberof requestsfor f in a singlesequence.This valueis equalto thesumof all
termslike (8) (for i going from 1 to n) andrepresentsthemostprobablenumberof times�le f will be
requestedduring thenext n requests, which is exactly theevaluationE[V( f ;k;n); r] we arelooking for.
Assumingthat pi( f ) is thebestestimationof (8), wecanwrite

E[V( f ;k;n); r] =
n

å
i= 1

pi( f ) (9)

Notethatthedependenceon r, i.e. thenumberof requestsreceived in thelastperiod,for theright hand
termis hiddenwithin thede�nition of parameters̄f andSappearingin (7) aswewill seebelow.

We�nally de�ne theparametersn, f̄ andS.
5Notethatthesumof anevennumberof suchvaluesalwaysleadsto anintegervaluerangingfrom � Sto + S.
6Laterit will bediscussedhow to �x thisvalue.
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n First of all we have to �x a time interval T0 in thepastthatservesasthebasisfor our estimation.
ThenT be the future interval for which we intendto do the prediction. So, r is the numberof
requestsreceivedin thelastperiodof lengthT0. By assumingthatthearrival rateof requestswill
staythesame,n is obtainedby:

n = r
T
T0 (10)

Obviously if T = T0 thenn = r.

S We wantto give anestimationof thewidth Son thebasisof thepast.Supposegoingbackward in
timefromt0 to t� r . Doingareverserandom-walk andconsideringEquations(6) wecansaythatfor
eachj goingfrom 1 to r, variable f� j shouldhave a variancegivenby jS=2. Thebestestimation
we have for this varianceis ( f0 � f� j )2. Calculatinga weightedaverageon thesequantitieswe
obtainanexpressionfor S:

S=
2
r

r

å
j= 1

( f0 � f� j)2

j
(11)

f̄ The simplestway to �x a centralvaluefor our sequenceof distributionson thebasisof previous
requestsis to doaweightedaverageamonglastr �les requestedwheretheweightsdecreasegoing
toward the past. That is, themorerecentlya �le hasbeenrequested,the moreimportantit is in
calculatingf̄ .

It couldbe possibleto not considerthehistoryat all in choosing f̄ . In this caseonecansimply
decideto setall theweightsequalto zeroandthus f̄ = f0.

3.1.2. PREDICTION FUNCTION BASED ON A NORMAL DISTRIBUTION

If onedecidesto adoptthe lastperspective mentionedin Section3.1.andthusnot to take into account
the history to �x the startingpoint f̄ , then all the functions pi( f ) are centredon f̄ = f0. This will
alwaysleadto decidein favour of replication,at leastwhile �le pricesaresupposedto beunitary. This
happensbecausein sucha caseonly theestimatednumberof timesa �le will berequestedin thefuture
is important.This is providedby thefunctionin Equation(9) whichalwayshasits maximumin f̄ , being
(7) theform of pi( f ).

In order to addressthis problem,one might try to extrapolatethe moving trend (in the spaceof �le
identi�ers) of future�le accessesfrom previousones.Thiscanbedoneby:

� calculatingthemeandisplacement̄s in thelatestrequests,i.e. themeanvalueof thelateststepsin
therandomwalk.

� supposingthismeandisplacementwill staythesamein thenext period;

� centringsuccessive pi( f ), wherei refersto the i-th stepin the randomwalk, not on f0 but on
f0 + is̄, to follow thetrend.

The�rst raisingproblemwith sucha procedureis thatwe needa distribution for f i (andfor si aswell)
which canbe calculatedeven for non-integer values. The simplestchoiceis the Gaussiandistribution
with thesamestandarddeviation

p
iS=2.

Thesecondproblem,consequently, is thatusinga continuousdistribution wecannotcalculatetheprob-
ability for a certainvalueof thevariable f but we mustconsideran interval [ f � d; f + d], which gives
approximatelytheprobabilityof receiving a requestfor �les within therangeof width 2d andcentrein
f . So,consideringtheprobabilitydistribution p̃i( f ;d) de�ned by

p̃i( f ;d) =
1

s i
p

2p

Z f + d

f � d
e� (x� is̄)2=2s2

i dx; (12)
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wheres i is s fi asin Equation(6), we have, in obviousnotation,anew predictionfunction

Ẽ[Ṽ( f ;d;n); r] =
n

å
i= 1

p̃i( f ;d): (13)

To do a comparisonbetweenthetwo predictionfunctions,eventhevaluethatE shouldpredictmustbe
changed.Thusit will not be anymore the numberof times�le f will be requestedduring the next n
requestsbut thenumberof requestsfor �les within therangeof width 2d andcentrein f (in ournotation
Ṽ( f ;d;n)).

4. PRELIMINARY TESTS AND RESULTS

In thissectionwepresentpreliminarytestsfor thepredictionfunctionsde�nedin (9) and(13). In orderto
performthesetests,we �rst generatedsomesequencesof �le requestsandthusobtainedsomerandom-
walkslike theonein Figure37. The�gure shows a random-walk with about1000�le requestsfor �les
whoseidenti�er is in therange[20;100]. In thefollowing, wereferto these�le requestsaseitherrealor
simulated.

Figure3: Randomwalk describingsimulatedaccesspattern.

Givenacertainpositionwithin thesequenceof �le requests,wecalculatedE[Ṽ( f ;d;n); r] andẼ[Ṽ( f ;d;n); r],
which give thepredictionof thefuturenumberof requestsfor �le f . In addition,we calculatedthereal
�le valueṼn( f ;d;n) by countingthenumberof times�le f wasrequestedfrom thatpositionon. Iterat-
ing overasegmentof thesequencewe obtaineda �rst qualitative evaluationof theperformanceof these
functions.

Weperformedtwo typesof evaluationtests:

1. calculationof the averageof the squareddifferencesbetweenpredictedand real valuesover a
segment;

2. graphicalrepresentationof simulatedandestimatedvaluesover a segmentandcomparisonbe-
tweenthesegraphs.

7It could seemnot very correctto testa predictionfunction, formulatedconjecturingthe accesspatternto be a random
walk, by theuseof a randomwalk test-set.In fact, it is a fairly lower constrainto supposea randomwalk with generalstep
distributionratherthanonewith �x edstepdistribution,which is thecaseof thereasoningthatled to our functions.Thisseems
to beasimpleway to producea setof datare�ecting thecharacteristicsthe�le accessesaresupposedto have.
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The�rst typeof testdid notgivesigni�cant results.Weperformedthetestusingsomerandom-walksbut
wecouldnot �nd apredictionfunctionfor which thestatisticalmeasurewasbetterthantheotherone.

The resultof the secondtype of testperformedover a sequenceof simulated�le requestsis shown in
Figure4. The �gure comparesthe two predictionfunctionsE[Ṽ( f ;d;n); r] andẼ[Ṽ( f ;d;n); r] (which
arebasedon theassumptionthat the �le accesspatternfollows a binomialanda gaussiandistribution,
respectively) andverify themagainsttherealvaluesobtainedfrom thesimulated�le requests.

Figure4: Progressof predictedvaluesandrealvaluesoverasequenceof �le requests.

Thisgraphshows thatthetwo functionsgivessimilar resultsandpredictquiteaccuratelytherealvalues.
We also comparedthe two predictionfunctionsusing other sequencesof simulated�le requestsand
cameto thesameconclusion.However, sincewe did not performa suf�cient numberof experiments,
we cannotcometo theconclusionthatonepredictionfunctionis superiorover theotheroneor thatthe
proposedpredictionfunctionsre�ect accuratelytheactualpatternof �le request.

5. REPLICATION STRATEGIES

Whena SB is given the possibility to locally replicatea �les, it canusevariousstrategies to decide
whetheror not this is thecase.A winningstrategy shouldbeableto answerthequestion:

Givena �nite storagespaceandsomeconcreteaccesspatterns,which �les shouldbekept
andwhich onesshouldbedeletedin orderto optimisedatalocality andthusoverall system
performance?

An exampleof a replicationreasoningbasedon the predictionfunctionspreviously de�ned could be
the following. When a SB is given the possibility to buy a �le f0, it calculatesE[V( f0;k;n); r] and
E[V( f ;k;n); r]8 for �x ed r andn andfor each f 2 F, whereF is the setof �les that arestoredin the
correspondingSE. If thereis an f within F which veri�es E[V( f ;k;n); r] < E[V( f0;k;n); r] then f is
replacedby f0.

Predictingthefuturevalueof a single�le, asdonein Section4. is far beyond theactualscopeof eval-
uatinga winning replicationstrategy. We arecurrentlyanalysingwhich replicationstrategies leadto
optimiseGrid performance.This is doneusingaGrid simulator.

8WecouldalsouseẼ[Ṽ( f ;n;d); r].
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6. TESTING REPLICATION STRATEGIES WITH A GRID SIMULATOR

Partof our researchis currentlyto testtheeffectivenessof variousreplicationstrategiesby usinga Grid
simulator[4, 1]. This simulatorbehaveslike a realmulti-siteGrid wherea certainnumberof jobsare
scheduledto differentGrid sites. Thesejobsrequest�les querying(directly or indirectly) a numberof
SBs,thatin turn mayor maynot have therequested�les. Whena �le is �nally found,theinvolvedSBs
makeadecisionaboutlocal replicationof the�le.

In orderto evaluatedifferentreplicationstrategieswe will measuresomerelevantparameters,still to be
de�ned, that give a sightof the overall performanceof thesimulatedGrid. By runningthesimulation
for a certain(big) numberof Grid jobs usingvariousreplicationstrategieswe will be able to make a
comparisonandthusto choosethemosteffective strategy.

Oneparameterthatcouldberelevant for our evaluationis thetotal gainof SBsin theGrid at theendof
thesimulation.Thiscouldberegardedasameasureof how goodthereplicationpolicieshavebeen.This
becauseof thefollowing speculations,theveri�cation of which is partof our futureresearch:

� If the total gain of SBs is high this could meanthat the total cost for transporting�les (that is
chargedto SBs)from onesite to anotheris low. This, in turn,meansthataccessto �les hasbeen
optimised.

� If the total gain is high this couldalsomeanthathigh pricesarepaid for �les. Accordingto the
paymentmechanismproposedin [2] this meansthat replicaswerecreatedonly on strategic sites
withoutover-replication.In suchacase,thenumberof replicationprocesseshasbeenminimised.
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